Introduction
Laryngeal squamous cell carcinoma (LSCC) is a common malignancy that exhibits a high incidence rate in head and neck squamous cell carcinoma cases (HNSCC). It is highly correlated with aging, smoking, excessive alcohol consumption, poor diet, human papillomavirus (HPV) infection and long-term exposure to specific chemicals, fumes or pollutants. Radiotherapy, surgery, and chemotherapy are used in LSCC therapy. However, the long-term prognosis for intermediate and high-grade cases of LSCC remains low. To improve the chance of effective treatment of LSCC, a more detailed understanding of the molecular mechanisms involved in the development of LSCC is essential, especially for the identification of novel biomarkers that could serve as suitable therapeutic targets.
A multitude of genetic, transcriptomic and epigenetic alterations had been reported previously to be associated with LSCC. For instance, TP53, CDKN2A, PTEN, PIK3CA, HRAS NOTCH1, IRF6, TP63 and FBXW7 have been annotated as genes mutated in HNSCC [1] [2] [3] . Recently, the tumor suppressors CTNNA2 and CTTNNA3 were reported to be mutated frequently in LSCC [4] . A microarray approach had been used to scan differential expressed gene that may be involved in LSCC development [5] . One particular class of regulatory molecules, i.e. miRNAs, a class of small non-coding RNA molecules which often function as tumor suppressors or oncogenes, were shown to be aberrantly expressed in many types of human cancers [6] [7] [8] . Several miRNAs were identified to be associated with LSCC by either individual miRNA studies or miRNA expression profiling, such as mir-34a [9] and mir-24 [10] . Another phenomenon widely observed in LSCC cells is the dysregulation of epigenetic modifications across regulatory regions. Hypermethylated DNA sequences were found within the promoter regions of miRNA as well as in protein-coding genes [11] [12] [13] . Despite these earlier reports on individual gene regulatory alterations, an integrated analysis of any potential modifications in crosstalk between miRNAs and mRNA in LSCC cells remains absent.
Driven by the rapid development of next-generation sequencing (NGS) technologies, the interrogation of cellular properties on a genome-wide scale now offers the possibility of unbiased analysis and exploration of complete sets of specific molecules and pathways. Subsequent integration of these datasets should provide biological insights that would be impossible for isolated data sets. Recently, such integrated approaches were successfully used in investigating the role of genomic alterations in cancer development and metastasis in the context of their biological functions [14, 15] . One report describes the successful prediction of several breast cancer subtypes and designed related drug targets by combining signaling network and genomic variations [16] .
In cancer system biology, integrating multiple omics data was shown to be useful in identifying both new oncogenes and novel pathways [17] . To develop a comprehensive understanding of the molecular processes involved in the development of LSCC, we utilized an integrated strategy of measuring transcriptome-wide changes in mRNA and miRNA levels by combining NGS with systematic analysis. We performed mRNA and miRNA transcriptomes of 12 samples. Integrated analysis described a co-regulated network of 11 miRNAs and their coregulated 138 genes that are differentially expressed more than 2 fold changes. Our data revealed not only the dynamical landscapes of individual miRNA and mRNA expression, but also more importantly their dynamical crosstalk, providing additional insights into the molecular processes driving LSCC tumorigenesis.
Results

Expression landscape of genes in LSCC samples
In order to comprehensively reveal genes and mechanisms potentially involved in tumorigenesis of LSCC, we used an integrated NGS approach, and examined both mRNA and miRNA transcriptomes of LSCC tissue in comparison to adjacent healthy tissue ( Fig. 1A) . A total of 10 tumor samples and 2 healthy samples were selected on the basis of their clinical records (Supplementary Table 1 ). Total RNA was extracted for library construction, and mRNA and small no-coding RNA were sequenced by using an Illumina/Solexa platform. The reads were mapped to the human genome for the identification of genes and noncoding RNAs (ncRNA) for the analysis of differences in expressions patterns.
A total of 1434 genes were found to be significantly up-regulated, and 660 genes were down-regulated (fold change ≥ 2) in LSCC, representing almost 3.52% of the 59533 gene records presented in Homo sapiens GRCh37.68 ( Fig. 1B) . Together, the 2094 identified genes cover diverse gene categories of protein-coding genes, pseudogenes, long intergenic non-coding RNAs (lincRNA), antisense, processed_transcript, small nucleolar RNA (snoRNA), miscellaneous RNA (misc_RNA), small nuclear RNA (snRNA), IG_V_gene, miRNA, sense_intronic and other uncategorized genes ( Fig. 1C , Supplementary  Table 2 ). The largest gene set represents protein-coding genes, and includes 804 up-regulated as well as 377 down-regulated genes. In comparison, a total of 630 ncRNAs were found to be up-regulated more than 2-fold, and 283 ncRNAs down-regulated more than 2-fold. In conclusion, the large number of genes that exhibit differential expression patterns indicates major changes in the regulation of protein-coding genes as well as ncRNAs in LSCC.
Dynamic switches of cellular functions in LSCC
To analyze these 1181 differentially expressed genes for their functional categories, we performed a systematic functional enrichment analysis. We first clustered genes and samples by applying a two-way hierarchical clustering analysis [18] . Genes clustered together generally have correlated expression patterns, indicating a similar molecular basis, whereas samples clustered together exhibit either similar phenotypes or a significant functional modules ( Fig. 1D ). Twelve tumor samples were found to be clustered according to their gene expression profiles, while 2 non-tumor samples were found to cluster together. The 1181 genes were clustered into 11 sub-clusters, where D1 and D2 clusters were down-regulated, and D3 to D11 up-regulated in 10 tumor samples. These 11 clusters were further annotated by GO term analysis using the DAVID database [19] . Each of these clusters was significantly enriched in at least one biological process (p-value b 1.0E-3, To systematically interrogate the differentially regulated functional categories involved in LSCC tumor development, we further analyzed the importance those 804 up-regulated and 377 down-regulated genes in specific biological processes. Among the 804 up-regulated genes, we found that epidermis development, epithelium development and ectoderm development were in the top three significant upregulated categories (p-value b 1.0E-18). With a p-value threshold of 1.0E-5, 30 biological processes were detected, most of which are associated with cell differentiation, biological adhesion and morphogenesis ( Fig. 2A1 , Supplementary Table 3 ). Among the 377 down-regulated genes, defense response, inflammatory response and response to wounding were the top three significantly up-regulated biological processes ( Fig. 2A2 
). An analysis of the presence of these genes in particular cellular components showed that the most enriched categories were related to extracellular matrix (up-regulated, Fig. 2B1 ) and plasma membrane (down-regulated, Fig. 2B2 , p-value b 1.0E-5, Supplementary Table 4 ). We also analyzed the molecular functions that may be dynamically regulated in 804 up-regulated and 377 down-regulated genes. While only the three categories of sequencespecific DNA binding, transcription factor activity and calcium ion binding were found to be enriched for the up-regulated genes, 9 categories were identified for the down-regulated genes ( Fig. 2C1-2 , Supplementary Table 5 ). These results reveal a clear dynamic switch in cellular functions in LSCC development compared to healthy tissue.
Mutations of differentially expressed genes
Our analysis of transcriptomic data included a systematic search for mutations in exons at the nucleotide level. In order to find potential genes that are highly mutated, we mapped the NGS reads to the human genome by using the Bowtie program [20] . A total of 16,169 genes were detected with mutations by calculating the mutated sites per kilobase nucleotides. Although these mutated genes are almost uniformly spread across the human genome, only few mutations were detected within the genome present along the Y chromosome. Interestingly, most of the mitochondrial genome was found to be highly mutated (Figs. 3A,D). Nine mitochondrial genes, i.e. SFN, CTB-63M22.1, HSPB1, KRT5, KRT6A, KRT14, IGHA1, IGLC2 and IGLC3, were found significantly mutated (Mutation ratio N 50).
In order to discover genes that display both a high mutation ratio and significant fold change in their expression, we calculated the product of mutation ratio and fold change for mutated genes exhibiting highly differential expression patterns in tumor compared to healthy samples. A total of 127 interested genes were detected ( Fig. 3B ; Supplementary  Table 6 ). Our analysis revealed that these genes were enriched for the functional categories of ectoderm development, epidermis development and mitochondrial energy supply ( Fig. 3C ; p-value b 1.0E-5, Supplementary Table 7 ). In particular, various mitochondrial genes were found highly mutated and differentially expressed, especially ND4 (MT-ND4) and CO2 (MT-CO2) (Fig. 3D ). These findings provide novel evidence for a link between mitochondrial dysfunction and cancer development.
Expression landscape of miRNAs in LSCC samples
In order to detect differentially expressed miRNAs, we compared miRNA transcriptomes in LSCC tumor and non-tumor tissues. To this end, total miRNA was scanned using the miRDeep2 method [21] . In each sample, hundreds of miRNAs were detected, including many miRNAs not described previously (Fig. 4A ). In total, 170 mature miRNAs and 4 novel miRNAs were found to be commonly expressed in all 10 tumor samples and 2 non-tumor samples. In addition, 28 miRNAs were differentially expressed with a change greater than 1.5-fold. Among of them, mir-100, mir-139, mir-34c and mir-375 were found to be down-regulated, while the remaining being up-regulated. Using a more stringent cutoff of 2-fold, 11 miRNAs were identified as differentially expressed, where mir-34c was detected to be down-regulated and others up-regulated (≤−2 or ≥2 fold change, Table 1 , Fig. 4B ).
Most of these 11 miRNAs have been previously reported to be associated with a number of diseases or tumors. For instance, the three mir-34 family members mir-34a, mir-34b and mir-34c have previously been identified as suppressors in LSCC. They are transcriptional targets of TP53, and function in a positive feedback loop to activate TP53 [22, 23] . In our LSCC tumor samples, mir-34c was detected to be greatly downregulated relative to the samples of healthy tissue. Mir-1301 is a newly identified miRNA family that is involved in regulating more than 8000 genes, as predicted in the microRNA database [24] . Among the genes identified, we confirmed 2532 genes by using TargetScan when applying a more critical filtering procedure [25] . The large number of targeted genes suggests that it is widely involved in the regulation of various cellular functions. Our functional enrichment analysis showed that these 2532 genes are involved in at least 30 biological processes (p-value b 1.0E-5, Supplementary Table 8 ). So far, only a small number of reports indicate that mir-1301 may be an inhibitor of tumorigenesis in HepG2 cells [26] . The differential expression of mir-1301 identified in our analysis suggests that it may be a universal regulator miRNA and plays important roles in the development of LSCC.
Crosstalk between miRNAs and their target genes
To uncover in a systematic manner the mechanisms underlying tumor development, an integrative approach is essential to discover the new oncogenes, the pathways and the development of novel anticancer therapies [27, 28] . With mRNA and miRNA transcriptome integrated, we can systematically investigate the potential functional correlations among miRNA and their target genes. We first tested if the target genes of the 11 miRNA were differentially expressed in LSCC relative to normal tissue samples. For each of the miRNAs identified, the values for the average fold change (AFC) of their targeted genes were calculated. To test if an AFC is significant compared with randomly calculated values, we employed a bootstrapping method that randomly sampled the same number of genes and calculated it as a random AFC (see Materials and methods). A total of 8 AFCs were observed to be Fig. 3 . Functional analysis of frequently mutated genes. A) Mapping of mutated genes on human chromosomes. The genes with a mutation ratio bigger than 50 are annotated (mitochondrial genes are described in D). B) Identifying genes with fold change (FC) and mutation ratio (MR). 127 genes were obtained with a cutoff value of 6. C) Functional enrichment of these genes. The p-values are calculated by using the DAVID database. D) Heatmap of mutated mitochondrial genes. significant (p-value = 1.0E-5, Table 1 ), suggesting that these targeted genes were indeed differentially expressed in LSCC samples. Second, we tested if the 11 miRNAs and their co-regulated genes were functionally linked as part of a connected network. A total of 1487 genes were identified to be co-regulated by these 11 miRNAs. Functional analysis revealed that they were most enriched in the processes of cell adhesion, cell morphogenesis, as well as neuronal development and differentiation (Supplementary Table 9 ). When investigating the genes that were differentially expressed for more or less than 2-fold, 339 interactions were found among 138 genes and 11 miRNAs (Fig. 4C ). Among the 11 miRNAs, the node degrees of mir-1301, mir-183, mir-96, mir-9-3, mir-182, mir-34c and mir-15b were bigger than 10, while mir-450a-1, mir-450a-2 and mir-184 were all found to be only loosely connected. Among the 138 genes, 118 genes were found to be up-regulated in tumor samples, while 20 genes were down-regulated, suggesting different expression patterns by combinational regulations of miRNAs.
Third, the correlation among miRNAs and their regulated genes were detected by calculating the Pearson correlations, using a cutoff of 0.75 (Fig. 4D) . Fifty genes were found to be highly associated with 8 miRNAs. Interestingly, mir-182, mir-96, mir-183, mir-15b and mir-9-3 constructed a connected network, indicating that these 5 miRNAs are involved in common biological processes. In this sub-network, two genes, ADAMTS19 and WDR52 were observed as hubs in connecting the 5 miRNAs. ADAMTS19 is a member of ADAMTS (a disintegrin and metalloproteinase containing a thrombospodin motif) gene family that has been recently linked to a variety of physiological and pathological conditions, including arthritis and cancer [29] . Here, its differential expression was observed to be co-regulated by mir-182, mir-183, mir-96 and mir-15b, suggesting that the increase in ADAMTS levels in LSCC is a direct consequence of the dysregulation of a connected miRNA network. Another gene, WDR52, is a connected node of mir-15b and mir-9-3. The precise function of this gene, however, remains unknown. The miRNAs mir-34c, mir-1301 and mir-224 are connected to 12, 30, and 4 genes, respectively. The regulatory connections and the correlation in expression of these 11 miRNAs and their targeted genes all suggest the presence of a convergent miRNA regulatory network that is responsive to the functional switches in the initiation and progression of LSCC.
Discussion
In order to investigate the interplay of genes and miRNAs in LSCC, we used mRNA and miRNA transcriptomes to detect not only the genomic mutations, expression dynamics and functional switches, but also in fact a correlated effect of these disease factors during the tumorigenic processes. In total, 1181 coding genes miRNAs were found to be differentially expressed. We presented a systematic analysis for the functional enrichment of these coding genes. We also utilized the acquired data sets to discover and validate base-pair mutations that accumulated in these melanomas. Our analysis revealed a surprisingly high rate of somatic mutations in genes of LSCC samples, when compared with healthy tissues surrounding the cancer samples. Interestingly, we observed especially high mutation ratios within the mitochondrial genome. In details, nine mitochondrial genes (SFN, CTB-63M22.1, HSPB1, KRT5, KRT6A, KRT14, IGHA1, IGLC2 and IGLC3) were found significantly mutated. Importantly, most of these genes identified in our work have been reported previously to be involved in the development of LSCC and other cancers. More specifically, SFN is an adapter protein implicated in the regulation of a large spectrum of both general and specialized signaling pathways. The dysregulation of SFN had been correlated with the development of squamous cell carcinoma [30] . CTB-63M22.1 was first reported to be a pseudogene, but subsequently shown to be differentially expressed in multiple diseases, including prostate cancer [31] and acute myeloid leukemia [32] . Differential expression of CTB-63M22.1 was also observed in our study. HSPB1 encodes a heat shock protein that is induced by environmental stress as well as upon developmental changes. HSPB1 protein interacts with TP53, and is involved in stress resistance and actin organization. Defects in this gene are known to cause the onset of carcinogenesis in squamous cells [33, 34] . KRT5, KRT6A and KRT14 are members of the keratin protein family, which are co-expressed during the differentiation process of simple and stratified epithelial tissues. Mutations in these keratin proteins have been associated with skin diseases [35, 36] . IGHA1, IGLC2 and IGLC3 are members of the immunoglobulin protein family, and are involved in complement activation and regulation of immune response [37] . The high mutation levels of these three immunoglobulin proteins suggest that the dysfunction of the immune response is a likely factor in contributing to LSCC development. In summary, these genomic mutations of mitochondrial genes correspond well with the observed changes in expression dynamics, lending support to the well-established fact that energy production within solid tumors is transformed from mitochondrial oxidative phosphorylation to aerobic glycolysis [38, 39] . Thus, the somatic mutations in mtDNA observed in our study provide further confirmation of mitochondrial alterations in cancer.
MiRNAs have been established as key regulators in both normal and pathological cellular processes, which exert both divergent and convergent control of gene expression through miRNA regulatory networks [40] . Cooperative targeting by multiple miRNAs ensures more complex and robust control of gene expression compared to the level of control by a single miRNA. Here, we analyzed a convergent miRNA regulatory network, including 11 miRNAs and 138 genes which were all found to be differentially expressed in LSCC cells. Thus, our results provide supporting evidence of the existence of a p53-miRNA network, where mir-34c is directly regulated by p53 [23, 41] . Previously, dynamic miRNA expression in the plasma of LSCC patient was investigated, and 17 miRNAs were found to be up-regulated, and 9 down-regulated [6] . However, none of the miRNAs were identified as one of our 11 significantly expressed miRNAs. A possible reason of this difference may be these miRNAs are tissue-specific. Compared the miRNAs detected in plasma, our analysis present a more directed analysis of miRNA dysfunctions in LSCC cells.
With increasing amounts of cancer-related omics data available, it is essential for a better understanding of cancer to integrate results from across diverse experimental approaches. Here, we presented an integrated analysis of the mRNA-miRNA transcriptome. However, additional omics data should be included once they become available for LSCC samples, in particular large-scale epigenetic and genomics data sets. Integrating more of these omics data should contribute to the identification of effective drug combinations and molecularly targeted therapeutics. Thus, our research presented here not only interrogates transcriptome data sources, but also includes a systematic and integrated analysis that should be useful for further LSCC research.
Materials and methods
Sample preparation and RNA extraction
LSCC tumor tissues were obtained from the tissue bank of Tongren Hospital, Beijing, China. This study was approved by the Ethics Committee of Beijing Tongren Hospital. A total of twelve samples consisting of ten tumor tissues and two non-tumor tissues were selected from ten LSCC patients. Of these patients, 6 were male and 4 were female. Among these patients, 8 were newly diagnosed and 2 were diagnosed with re-ocurring LSCC tumors ( Supplementary Table 1 ). TRIzol Reagent (Invitroen) was used to isolate total RNA for RNA sequencing following manufacturer's instructions. The mRNAs and small RNAs were separated for independent sequencing.
mRNA sequencing
The quality of mRNA samples was checked using an Agilent 2100 Bioanalyzer total RNA Chip (Agilent) prior to sequencing. We used the Illumina platform for analyzing transcriptomes employing a 100-bp paired-end library according to manufacturer's instructions (Illumina). Libraries were constructed following the Illumina Paired-End Sequencing Library Preparation Protocol. Library quality and concentration were determined using an Agilent 2100 Bioanalyzer (Agilent). Each sample was paired-end sequenced with the Illumina HiSeq 2000 using HiSeq Sequencing kits.
RNA-Seq reads from each mRNA sample were mapped against the human genome by using Bowtie with the 'best' strata option [20] . Reads from each sample were mapped with less than 2 mismatches. To analyze differential expression, FPKM values (fragments per kilobase of transcript per million mapped reads) were calculated by using Cufflinks [42] . The fold change (FC) of a gene is defined as the log2 transformed fold change of the averaged FPKMs that calculated from 10 tumor tissues and 2 non-tumor tissues, FC = − log 2 ∑ i = 1 10 0.1 ⋅ FPKM(i)/∑ j = 1 2 0.5 ⋅ FPKM(j). Deletions and additions were called by using the SAMtools package [43] .
Small RNA sequencing
Libraries of Small RNA cDNA were created using the Illumina Small RNA Sample Preparation Alternative v1.5 Protocol. These cDNA libraries were then sequenced on the Illumina Genome Analyzer IIX with 35 base pair reads according to manufacturer's instructions. Each library was run on a single lane in the flow cell with 36 cycles using Illumina version 5 chemistry. Reads were mapped on known miRNAs using the quantifier script from the miRDeep2 package [21] . Known miRNA sequences were downloaded from miRBase release 18, November 2013 [44] . To discover novel miRNAs, the miRDeep2 algorithm was used with default settings and filtered reads by size 17 nt. Among the new miRNAs discovered using this approach, only high-confidence miRNAs were considered that contained both mature and star sequences complementary with 2-nt 30 overhang detected in multiple samples. Secondary RNA structures of the precursors were directly obtained using miRDeep2, which uses RNAfold as its default setting [45] . The targeted genes of miRNA are predicted by using TargetScan method [25] .
Bioinformatics analysis
Functional enrichment analysis was performed and printed by using DAVID database [19] and BINGO software [46] . Expression matrixes were clustered by using a two-way hierarchical clustering analysis [18] . After calculating the number of mutated sites (insertion and deletion) in gene body, the gene mutation ratio (MR) is defined as MR = (# mutated site) ⋅ 1000/gene length. The product of mutation ratio and fold change is then calculated to find mutated genes with highly differential expressions in tumor and non-tumor samples. The correlation networks of miRNA and their targeted genes are performed on statistical and functional analyses. First, we used a Pearson correlation to estimate the expression correlation between a miRNA and its targeted genes (mRNAs). For every miRNA or mRNA, a 12-dimension vector was constructed by using its expression levels for each sample. The Pearson correlation is then calculated as r X;
, where n = 12 and X and Y are the expression vectors of the miRNA and mRNA. X and Y are the mean of X and Y. The miRNA co-regulated network is constructed by calculating the miRNA and their targeted genes whose fold changes are bigger than 2. The network was drawn by using Cytoscape software [47] .
For every miRNA, the average fold change (AFC) value of its targeted genes was calculated as AFC = ∑ i = 1 N |FC(i)|/N, where FC(i) is the fold change value of i-th gene, and N is the number of targeted genes of the miRNA. For this AFC, a bootstrapping method was used to test if its change is significant compared with randomly calculated values. The method was implemented by randomly selecting N genes from human genome, and then calculating the AFC values for these N genes. To obtain a bootstrapping distribution of AFC values, the procedure was repeated 100,000 times.
Supplementary data to this article can be found online at http://dx. doi.org/10.1016/j.ygeno.2014.06.004.
